Abstract. A frequent challenge for wind energy applications is to grasp the impacts of turbulent wind fields properly. The wind turbine power performance curve, usually determined applying the IEC standard 61400-12, provides a functional relation between the measured wind speed u and the corresponding power output P of the turbine. But it is not sufficient to describe the actual dynamics of the power output on small time scales. Recently, we introduced an alternative method to estimate the power curve of a wind turbine based on high-frequency data. The crucial point of this method is that we first reconstruct the wind turbine's entire response dynamics that, then, yields the power curve by a fixed-point analysis. To reconstruct the power conversion dynamics of the wind turbine, we apply a dynamical systems approach, assuming that the variable P (t) follows a diffusion process. Its evolution in time is given by a Langevin equation consisting of a deterministic relaxation term and a stochastic noise term. The coefficients defininig these terms can directly be extracted from the given data sets. On the basis of simulated data, we verified the method and showed that it is more accurate than the standard method. For measured data we reconstructed the deterministic dynamics of a representative wind turbine and estimated the corresponding power characteristics to demonstrate the application of the method. The split of the dynamics into a deterministic and a stochastic part allows to distinguish the actual behaviour of the wind turbine, i.e. relaxation and control effects, from the turbulent effects of the wind. We gain an understanding of something like the turbulent dynamics of wind energy conversion and obtain a method to describe the actual fluctuations in power output.
Introduction -the topic of turbulent dynamics
Speaking about turbulent wind, we have something like large wind velocity fluctuations on small scales in mind. A fluctuation can be described by the spatial or time increment, respectively, x τ ≡ x(t + τ ) − x(t) of a variable x, where τ denotes the corresponding distance in space or in time. A typical wind fluctuation is then defined by u τ ≡ u(t + τ ) − u(t) with the horizontal wind velocity u and a varying time increment τ , usually, in seconds.
Having investigated the probability distribution of such wind fluctuations, Böttcher and coworkers have stated in [1] that these does not follow normal, i.e. Gaussian, statistics, but show an intermittent behaviour. Figure 1 shows typical increment pdfs (probability density functions) for wind velocity data measured at the site we refer to in this article. The data had been recorded by an ultrasonic anemometer at the hub height of the wind turbine we investigated. Comparing the increment pdfs on three different time scales with the corresponding Gaussian pdfs that have the same standard deviation, shown as a solid line in figure 1, we observe an increased probability for large events of the measured data, i.e. higher fluctuations than expected on the basis of a normal distribution. These so-called heavy tails are typical for atmospheric wind velocity statistics and can be found, other than for laboratory data, on all time scales ( [1] ).
A question of not little importance is now, what these intermittent statistics mean for the performance of a wind turbine. Applying a Gaussian, non-intermittent, wind model, loads are apparently underestimated. But also the description of the electrical power output must be based on a preferably realistic model to predict e.g. the power quality in a satisfying manner.
In the right part, figure 1 also shows the distributions of power increments P τ ≡ P (t+τ )−P (t), where P (t) is a time series of the measured electrical power output, again for three different time scales and in comparison with the corresponding Gaussian pdfs. It is obvious that the intermittent wind statistics is transfered to the power increments, somehow. The addtional structures, the bumps around 5σ, are due to a discretization of data, not due to control effects as observed for other data sets.
It is our aim, now, to investigate the impact of turbulent wind of a wind turbine's power output in detail, to find a suitable model that describes the actual short-time dynamics of the power conversion process, and to derive on this basis power performance characteristics more effectively. 
Deriving wind power characteristics
The most natural way to grasp the power conversion process is to derive the wind turbine power performance curve, or short power curve. The common and revised standard method for the determination of wind turbine power curves is given by [2] , referred to as IEC 61400-12-1. This procedure can be summarized by relating the averages of wind velocity and power output over 10 min., i.e. u(t) 10min. → P (t) 10min. , and averaging in a second step all values lying in a wind velocity bin of the width of normally 0.5 m/s.
Using only averaged data, the IEC standard neglects any short-time dynamics and, therefore, cannot be the right approach to handle fluctuations due to turbulence. For this reason we motivate an alternative approach that is just based on high-sampled data (compare with [3] , [4] ), and for which we have introduced the term dynamical method or dynamical power curve, respectively ( [5] ). The basic idea is to describe the power conversion process as a diffusion process, i.e. a stochastic process that satisfies the Marcovian property and that can be separated into a drift and a diffusion part. Then a typical time series can be presented as P (t) = P stat (u) + p(t), where P stat denotes a stationary power value dependent of the wind velocity u, and p(t) the corresponding short-time fluctuation around this value. Figure 2 illustrates the assumption that the power conversion process can just be described by such a relaxation. The actual trajectory P (u) curls around the power curve, driven by the fluctuating wind velocity. The time series P (t) is assumed to be stationary with respect to a certain wind velocity or a velocity interval. Therefore, the dynamics of P (t) is analyzed for each selected velocity interval or bin separately. (It is convenient to use the binning as proposed in the IEC standard.) For the evolution in time of the variable P we formulate a Langevin equation
D (1) is called drift coefficient and represents the deterministic part of the process, whereas the diffusion coefficient D (2) together with the Langevin force Γ(t) representing δ-correlated Gaussian white noise ( Γ(t) = 0 and Γ(t 1 )Γ(t 2 ) = 2δ(t 1 − t 2 )) describes its stochastic part.
A reconstruction of this dynamics enables the estimation of the values P stat (u) and with it the determination of the power characteristic. The coefficients D (n) for n = 1, 2 are given by the conditional moments M (n) that can be directly calculated from the data -
with M (n) (τ, P; u) = [P(t + τ ) − P(t)] n | P(t)=P .
Corresponding errors are calculated according to [6] with
and for D (2) similar, considering a finite time increment τ > 0 and a finite number of data points N in the bin. A typical result for D (1) is shown in the left part of figure 3 . Finally, a deterministic fixed-point analysis for each velocity bin, i.e. D (1) (P stat ; u) ≡ 0, yields the stationary points P stat (u) and with it the dynamic power curve. As alternative to finding the zero-crossing of the drift coefficient, we calculate the drift potential φ D (1) (P ) ≡ − P D (1) (P )dP and identify its minimum. To demonstrate the proceeding and also the excellence of the dynamical method, we simulated power output data based on measured wind velocity data as input and assuming a numeric diffusion model as described above. The analyzed data set consists of approximately 1728000 data points, corresponding to a period of two days and a sampling frequency of 10 Hz. Figure  3 illustrates the fixed-point analysis, and figure 4 shows the reconstructed power curve in comparison with the results due to the IEC standard procedure. We observe significant differences, and with respect to the real power characteristic, as assumed for the simulation, much better results following the dynamical approach.
To illustrate the application to measured data, figure 5 shows a complete reconstructed drift field and the corresponding power characteristic given by the single fixed points for each velocity bin. The data had been obtained from a commercial MW-class wind turbine, located in a wind park in the mid-western part of Germany. The placement of the met mast satisfied the requirements stated in the IEC 61400-12-1 norm. (1) (P ; u) (given by the arrows -the size of the arrows corresponds to the magnitude of D (1) ) and reconstructed power characteristic (full circles) for measured data.
The information in figure 5 denotes that the dynamical approach potentiates considerably more than only to derive the power curve of a wind turbine. Since we consider the short-time dynamics of the conversion process, at best on its natural time scale, and reconstruct an overall model, we should be in the position to simulate the actual process with this information. That would mean that we can also describe the power fluctuations in the correct manner.
To inspect this implication, we simulated power output time series with regard to both the IEC approach and the dynamical model. For the IEC approach this means that we multiply the input velocity time series u(t) with the derived power curve, the result is denoted by P IEC (t). For the dynamical model we integrate (1) with the coefficients derived from the measured data to obtain a time series P rec. (t). The corresponding increment distributions are shown in figure  6 . For both models we observe a high intermittent behaviour, the intermittency of the velocity increment distribution is amplified, so to speak, by the nonlinear power curve, scaling roughly cubically. (2) due to too low sampling frequencies of the measured data, so that a reconstruction is not absolutely perfect up to now and can be improved further.)
Conclusions and discussion
We have emphasized the impact of short-time dynamics for a proper description of the power conversion process of a wind turbine and showed that a dynamical approach is not only appropriate but also yields more accurate results for the power curve than the standard IEC approach. The actual complex of problem can be summed up by handling the dynamical noise in the process in the right manner. The turbulent behaviour of the wind is transfered to the wind turbine's power output and is described by the stochastic part of the Langevin equation in the dynamical approach. Since the actual dynamics of the wind turbine, i.e. its relaxation and control behaviour, is grasped by the deterministic drift part of the equation, a separation from the dynamical noise is possible. Thus, we obtain a power characteristic that is respresentative for a specific wind turbine but independent of site-specific parameters.
The power characteristic we obtain applying the dynamical method is of another type than the IEC standard curve and cannot replace it that easily. Instead of mean values we estimate fixed points, following the assumption that fixed points are more close to the actual dynamics we are interested in than mean values.
